Oat (Avena sativa L.) has a high concentration of oils, comprised primarily of healthful 35 unsaturated oleic and linoleic fatty acids. To accelerate oat plant breeding efforts, we sought to 36 identify loci associated with variation in fatty acid composition, defined as the types and quantities 37 of fatty acids. We genotyped a panel of 500 oat cultivars with genotyping-by-sequencing and 38 measured the concentrations of ten fatty acids in these oat cultivars grown in two environments. 39
yielded 148 genome-wide significant single-nucleotide polymorphisms (SNPs) at a 10% false-48 discovery rate, compared to 129 and 73 significant SNPs in the PC and univariate analyses, 49 respectively. Thus, explicit modeling of the correlation structure between fatty acids in a 50 multivariate framework enabled identification of loci associated with variation in seed fatty acid 51 concentration that were not detected in the univariate analyses. Ultimately, a detailed 52 characterization of the loci underlying fatty acid variation can be used to enhance the nutritional 53 profile of oats through breeding. 54
55

INTRODUCTION
impact mode, with a scan range of 50-650 atomic mass units and scan rate of 5 scans s -1 . Transfer 181 line and source temperatures were 260°C and 230°C, respectively. 182
Quality control samples, consisting of pooled experimental samples, were injected after 183 every 20 samples. Batches of 100 samples were prepared and analyzed simultaneously. Ion source, 184 inlet liner, and septa were either cleaned or replaced after analysis of 300 samples. Standard curves 185 were established for 16:0, 18:0, 18:1(9), 18:2, and 18:3. Two standard FAME mix samples 186 (Nucheck GLC-85 and Sigma 47080-U) were used to confirm the retention times. In the case of 187 18:1, two peaks were consistently observed. The major peak in all samples corresponded to 18:1(9) 188 based on retention time and authentic standards. The minor peak we designate 18:1* since 189 assignment of double bond position was not possible based on spectra or authentic standards 190 ( Figure S1 ), although 18:1* is most likely the methyl ester of cis-vaccenic acid, 18:1(11) (Cahoon 191 et al. 1998) . Data processing was completed with Chromeleon 7 software (Thermo). samples, but as values of these compounds were largely below the limit of detection (LOD), we 197 excluded 19:0 and 15:0 from analysis. Samples that had levels below the LOD (zero values) for 198 14:0 (n=1) , 16:1 (n=2), 20:0 (n=50), and 20:1 (n=1) were replaced with a uniform random variable 199 between zero and the LOD, where the minimum non-zero value was used a proxy for LOD (Lipka 200 et al. 2013 ). The ten individual FAME traits and total FAME were inspected for outliers in 201
ASReml-R 3.0 (Butler et al. 2009 ) by examination of the Studentized deleted residuals (Kutner et 202 al. 2004 ) from linear mixed models fitted with environment, block, line, and GC-MS batch as 203 random effects and heading date as a fixed effect. To assess the effect of the two environments on 204 FAME concentrations, we calculated pairwise Spearman's rank correlations (ρ) and performed 205 hierarchical clustering on all trait-environment combinations. 206
Given that fatty acids comprise a chemical family, we also considered the relative 207 contribution of each member to total concentration. Such a compositional analysis imposes a unit-208 sum constraint, i.e. all proportions must sum to one, which, in turn, induces spurious negative 209 9 correlations between variables (Aitchison 1983) . Therefore, to relieve the constraints of this 210 sample space (the unit simplex), we employed Aitchison's log-contrast transformation. 211
Specifically, we divided each FAME by an arbitrarily selected compound (here, 18:1*) prior to 212 calculating pairwise correlations (Wei and Simko 2017) . 213
As the FAME concentrations were approximately normally distributed, we used the raw 214 phenotype values to estimate a best linear unbiased predictor (BLUP) for each line in ASReml-R. 215
Our BLUP model (Equation 1) incorporated environmental and technical covariates, as well as 216 variation in heading date (Gilmour et al. 2008) : 217 218 Yijkl = µ + genotypei + envj + (genotype x env)ij + heading(env)ij + block(env)jk + batchl + eijkl 219
(1) 220 221 in which Yijkl is a plot-level average; µ is the grand mean; genotypei is the effect of the ith genotype; 222 envj is the effect of the jth environment; (genotype x env)ij is the effect of the ith genotype in the 223 jth environment; heading(env)ij is the effect of days to heading of the ith genotype within the jth 224 environment; block(env)jk is the effect of the kth block within the jth environment; batchl is the 225 effect of the lth GC-MS batch; and, eijkl is the random error term, assumed to follow a normal 226 distribution with mean zero and variance σ 2 . Only heading(env)ij was fitted as a (continuous) fixed 227 effect; all other terms were fitted as random effects. 228
Variance component estimates from the fitted model were used to calculate line-mean 229 heritability for each trait (hl 2 as per Holland et al. (2002) and Hung et al. (2012) ). Standard errors 230 of the line-mean heritabilities were estimated using the delta method (Holland et al. 2002) . 231
To identify axes of variation in the FAME data set, we performed PCA on the centered and 232 scaled (to unit-variance) BLUPs using the R package pcaMethods (Stacklies et al. 2007 ). We 233 extracted the principal component (PC) loadings to determine the contribution of each compound 234 to each PC. 235
236
Network analysis with a Gaussian graphical model (GGM) 237
To assess the relationships between BLUPs for the 11 FAME measures (ten individual, 238 plus the total FAMEs), hereafter referred to as FAME BLUPs, we first estimated pairwise 239
Pearson's correlation coefficients (r) between each trait with the R package Hmisc (Harrell 2018) . 240 dependencies between variables, they are more likely to capture causality and precursor/product 242 relationships in metabolic networks relative to standard correlation analyses (Krumsiek et al. 243 2011) . We employed the R package ppcor for calculation of partial correlations and significance 244 testing (Kim 2015 ). An edge was drawn between two metabolites if the partial correlation was 245 significant after applying a Bonferroni correction ((a = 0.05 / ((m(m-1)) / 2)), where m is equal to 246 the number of metabolites (m = 10). We visualized both the r and pr networks with the R packages 247 network and ggplot2 (Butts 2008; Wickham 2016) . 248 249
Genome-wide association studies (GWAS) 250
We leveraged the correlations between FAME traits in a multivariate GWAS with 492 lines 251 and 29,320 SNPs. Specifically, we fitted a multivariate linear mixed model, accounting for 252 population structure and relatedness, with all ten FAME concentrations in GEMMA (Zhou and  253 Stephens 2012). To determine the optimal number of genetic principal components (PCs) based 254 on the genotype matrix to include in the GWAS model, we used the Bayesian information criterion 255 (BIC), comparing models with zero to five PCs (Schwarz 1978; Lipka et al. 2012) . To minimize 256 deviation from multivariate normality, we quantile transformed each phenotype to a standard 257 normal distribution (Stephens 2013) . Specifically, the raw BLUPs were rank normalized using the 258 qnorm function of R and scaled to unit variance. To inform our multivariate analysis, we also 259 conducted univariate association analyses on each of the non-transformed FAME BLUPs and the 260 PCs derived from singular value decomposition of the FAME BLUPs data matrix (PC-GWAS, see 261
Phenotypic data analysis). In each association test, we employed the univariate analog of our 262 multivariate GWAS model in GEMMA. To account for multiple testing, we computed a 263
Bonferroni correction (a = 0.05 / 29,320 = 1.7 x 10 -6 ). Alternatively, we controlled the false-264 discovery rate (FDR) at 5% and 10% (Benjamini and Hochberg 1995) using the R package qvalue 265 (Storey et al. 2019) . 266
Pairwise LD between SNPs was estimated using squared allele frequency correlations (r 2 ), 267 excluding missing and double heterozygous genotypes (Pritchard and Przeworski 2001) . We 268 defined the significant SNP set as the union of SNPs identified as significantly associated with a 269 phenotype at a 10% FDR in any of the univariate or multivariate analyses. To remove likely false 270 those significant SNPs in LD (r 2 > 0.5) with at least two other significant SNPs. 272
The amount of phenotypic variation explained by each SNP in the univariate analyses was 273 approximated using a likelihood-ratio-based R 2 statistic (R 2 LR), as defined by Sun et al. (2010) 274 (Table S2 ). The R 2 LR value of models with or without a significant SNP was calculated using the 275 maximum log-likelihood of the model of interest fitted in GEMMA and the maximum log-276 likelihood of an intercept-only model fitted with the lm function in R. For the SNPs detected to be 277 significant in the multi-GWAS, we approximated the relative contribution of each trait to the 278 multivariate signal by calculating R 2 LR for each SNP in each of the ten respective univariate models 279 developed for the quantile-transformed FAME BLUPs (Table S3) . 280
To qualitatively summarize the effects of SNPs identified as statistically significant in the 281 multi-GWAS on individual FAME levels, we compared the BLUP phenotypic means of the 282 distinct homozygous classes (major and minor) and conducted a pairwise t-test (pairwise.t.test 283 function in R) for each SNP. Phenotypes were mean centered to zero and standardized to unit 284 variance prior to testing. We excluded heterozygous and imputed genotypes. Oats are especially high in healthful mono-and di-unsaturated fatty acids, relative to other 307 cereals. To investigate variation in nutritional quality in oat, we measured the levels of ten FAMEs 308 derived from non-polar seed lipids in the 492-line diversity panel grown in two environments 309 (referred to as ENV1 and ENV2). In both environments, 18:2, 18:1(9), and 16:0 were the most 310 abundant FAME species ( Figure S3C ), in accordance with previous reports (Banaś et al. 2007 ; 311 Leonova et al. 2008 ). In particular, 18:2 and 18:1(9) accounted for >70% of the total FAME 312 content in all lines ( Figure S3F ). 313 FAME concentrations were consistently higher in ENV1 compared to ENV2 (pairwise t-314 tests detected significant differences for all traits except 18:3). To assess the impact of this 315 consistent environmental difference on the statistical relationships between traits with respect to 316 environment, we calculated Spearman's rank correlations between each trait-environment 317 combination. Hierarchical clustering revealed grouping with respect to environment and to a lesser 318 extent compound ( Figure S3B ). For example, the three FAMEs in highest abundance, 18:2, 319 18:1(9), and 16:0, clustered together in each environment, along with 20:1. In addition, we 320 observed clustering between 20:0 and 18:0, and 16:1 and 18:1*, respectively. 321
Having observed that trait-environment clusters were predominately defined by 322 environment (and secondarily by compound), we were interested in assessing the differential effect 323 of environment on FAME composition, defined as the percent contribution of each FAME to total 324 concentration. We observed significantly higher proportions of 14:0, 18:0, 18:2, and 20:0, and 325 lower proportions of 18:1(9), 18:3, and 20:1 in ENV1 as compared to ENV2 ( Figure S3F ; p-value 326 of pairwise t-test < 0.05). The proportions of other compounds, and the sum of the saturated 327 FAMEs, were comparable across environments. 328
Assessing the correlation structure in this compositional sample space necessitated 329 relieving the unit-sum constraint imposed by the fact that proportions must sum to one. After 330 environment defined clustering ( Figure S3D-E ). Yet, we still observed positive correlations 333 between all trait pairs, excluding the pairwise comparisons that featured 16:1. 334
Consistent effects of environment on concentrations across lines corresponded to high line-335 mean heritabilities for all FAMEs, ranging from 0.67 to 0.91 (Table S1 ). Thus, we conclude that 336 genetic determinants have a greater impact than environmental factors on variation in FAME 337 concentrations between lines. 338 339
Correlation networks 340
Using data from the two environments, we calculated BLUPs of each FAME for the 492 341 lines in the diversity panel. Consistent with our analysis of the raw phenotypes, we observed only 342 positive correlations between FAME BLUPs ( Figure S3 ), translating to a dense, highly connected 343 network ( Figure 3A) . 344
As FAMEs participate in shared biochemical pathways, we hypothesized that many of the 345 observed correlations reflected indirect rather than direct interactions. Our rationale was that 346 Gaussian graphical model (GGM) to account for the conditional dependencies between FAME 350
BLUPs. We estimated partial correlations (prs), defined as the correlation between the residuals 351 of two compounds after accounting for the other n-2 compounds. As hypothesized, the pr 352 distribution was shifted toward zero relative to its r counterpart ( Figure S4 ). This translated to a 353 far sparser network, such that every node was no longer connected to nearly every other node by 354 an edge, and to the introduction of negative correlations ( Figure 3B ). Notably, the large positive 355 correlations between compounds with a difference of two carbons, but the same number of double 356 bonds (e.g. 18:0 and 20:0), persisted in the pr network. While the significant pairwise prs were not 357 restricted to only precursor/product relationships in fatty acid biosynthesis, some of the strongest 358 correlations in this network are between such pairs ( Figure 3B ). 359 360 phenotypic data set, we performed PCA on the centered and scaled BLUPs for the ten FAMEs 363 ( Figure S5 ). All FAMEs exhibited negative loadings along the first PC (explaining 56.8% of the 364 total variance), which tracked with variation in total fatty acids (adjusted R 2 of total with PC 1 = 365 0.952; Figure S5 ). Thus, most of the variation in individual FAME concentrations can be explained 366 by variation in fatty acid totals. The second PC (explaining 15.2% of variance) primarily 367 distinguished saturated from unsaturated FAMEs, whereas the third and fourth PCs differentiated 368 14:0 and 18:3 from all other FAMEs, respectively. While 20:1 contributed disproportionately to 369 both the fifth and sixth PCs, these two PCs were less obviously interpretable. 370 371
Genetic mapping for fatty acids 372
We employed several mapping approaches to capitalize on the correlations between traits. 373
First, we performed a multivariate GWAS of all ten FAME concentrations simultaneously (multi-374 GWAS). Second, we conducted GWAS with each PC derived from decomposition of the 375 phenotypic data matrix (of dimension n x m = 492 lines x 10 traits) as phenotypes (PC-GWAS). 376
Third, we implemented univariate tests of association for each FAME separately, as estimated by 377 their BLUPs. To account for population structure, we included the first three PCs of the non-378 imputed genotype matrix as covariates in all of our GWAS models. These PCs were selected based 379 on application of the BIC model selection procedure in the multi-GWAS, and explained 6.7, 4.3, 380 and 3.2 percent of the total variance, respectively. 381
In the multi-GWAS, a total of 25 SNPs were significant after accounting for multiple 382 testing with a 5% Bonferroni significance threshold (p-value ≤ 1.7 x 10 -6 ). We also considered 383
SNPs passing the two less conservative significance thresholds of genome-wide (FDR of 5% and 384 10%) At these thresholds, 93 and 148 SNPs were detected, respectively. 385
After applying a 10% FDR threshold independently in each association test, and combining 386 results across all ten PCs, 129 SNPs were significantly associated with FAME variation in the PC-387 GWAS ( Figure 4C and Figure S6 ). Approximately half of these 129 SNPs (66 SNPs) were 388 represented in the multivariate 10% FDR significant set (Figure 4 ). The majority of SNPs uniquely 389 identified in PC-GWAS were associated with PC10 and not anchored to a linkage group. This PC 390 heavily along this PC ( Figure S5) . 392
In the univariate GWAS of the ten FAMEs and total FAME concentration, we identified 393 73 significantly associated SNPs at a 10% FDR ( Figure 4C and Figure S7 ). Thus, univariate 394 GWAS had the least power to detect significant associations. Furthermore, the majority of these 395
SNPs were identified by either multi-or PC-GWAS (47 SNPs). The uniquely identified SNPs in 396 the univariate GWAS were primarily associated with less abundant fatty acids, e.g. 18:0, 20:0, and 397 20:1. To provide a more apt comparison between the univariate and multivariate analysis, which 398 employed quantile-transformed traits, we also performed the univariate GWAS with quantile-399 transformed traits. This analysis identified 62 SNPs at a 10% FDR ( Figure S8 ). All but two of 400 these SNPs were also found in GWAS of the non-quantile transformed BLUPs, suggesting that 401 deviations from normality in the untransformed BLUPs had minimal influence on the results 402 ( Figure S8 ; Table S2 ). boundaries such that SNPs within a signal interval had concordant estimated effects on the FAME 413 abundances. Here, we assumed that if SNPs were in LD with the same causal locus they should 414 exhibit correlated effects on the ten FAME traits. To interpret SNP effects, we inspected the mean 415 difference between homozygous genotypic classes excluding lines with missing data or 416 heterozygous genotypes (Figure 6 ). While this simple summary does not account for population 417 structure and unequal relatedness, it provides qualitative insight into the effects of SNPs on 418 individual FAMEs, which are obscured by multivariate GWAS. 419
Using these criteria, we identified six main clusters, consisting of 124 SNPs in the high 420 confidence SNP set (a-f in Figure 6 ). (Table S3) . By this analysis, detection of cluster e SNPs associate with 18:3 463 variation, despite the fact that we failed to detect significant associations in the univariate GWAS. 464
Thus, it appears that unanticipated correlations between 18:3 and other fatty acids, such as 16:1, 465 underlie the enhanced sensitivity of the multi-GWAS model. 466
The cluster identified on Mrg11 spanned 3.7 to 8.8 cM. This cluster (f) contained two SNPs 467 identified in the univariate analyses of total and 18:1(9) FAMEs, and four SNPs uniquely identified 468 in the multi-GWAS. The main effects associated with the peak SNP in this cluster were increased 469 16:1 and 18:1* and decreased 18:0 and 18:3 ( Figure 6B ). However, other SNPs in this cluster were 470 associated with decreases in the majority of FAMEs, including total concentration ( Figure S9 ). 471
Thus, as with cluster a and b, the SNPs of cluster f may be tagging multiple alleles or loci and our 472 interpretation is limited by the present lack of a genome sequence in hexaploid oat. and f may be attributed to changes in acyl-ACP desaturase (AAD) activity. In the case of cluster 504 b, an increase in AAD activity could lead to increases in both 18:1(9) and 18:1* as well the 505 elongation of 18:1(9) to 20:1. The correlated change in 16:1 and 18:1* (assumed to be 18:1(11)), 506 on the other hand, would be consistent with an altered substrate specificity for AAD. In plants, 507 AAD typically has a strong preference for 18:0-ACP as its substrate, and the conversion of 16:0-508 ACP to 16:1-ACP is typically a minor side reaction (Cahoon et al. 1997 ). In some cases, such as 509 the seeds of cat's claw (Doxantha unguis-cati L.), AAD isoforms with preference for 16:0-ACP 510 as a substrate can lead to substantial production of 16:1(9) and its elongation product, 18:1(11) 511 (Cahoon et al. 1998) . While these interpretations are speculative, they illustrate how the increased 512 19 sensitivity of multivariate GWAS models can link relatively subtle perturbations of metabolic 513 networks to their genetic and biochemical bases. 514
One objective of this study was to identify loci associated with variation in 18:3 content, 515 as these omega-3 fatty acids are a large determinant of oil quality. Increased consumption of 516 omega-3 fatty acids is associated with improved cardiovascular health, although there is 517 uncertainty regarding the benefits of consuming omega-3 fatty acids relative to omega-6 fatty 518 acids, such as 18:2 (Ludwig et al. 2018) . In oat seeds, the very low abundance of 18:3 relative to 519 18:2 in germplasm (Figure 2A ) renders enhanced 18:3 content an unlikely breeding target for 520 improving the healthfulness of oats. On the other hand, 18:3 is exceptionally prone to oxidation, 521 resulting in rancidity. Therefore, decreased 18:3 content may improve postharvest stability (Zhou 522 et al. 1999) . In univariate GWAS, we were unable to detect loci associated with 18:3 variation 523 ( Figure 6A , Table S2 ). However, multi-GWAS that leveraged unexpected correlations between 524 18:3 and other fatty acids revealed a locus in Mrg05 (cluster e, Figure 6 ) associated with substantial 525 differences in 18:3 content relative to the more abundant fatty acids ( Figure 6B ). Markers in cluster 526 e may predict variation in 18:3 content associated with postharvest stability in oat breeding 527 programs. 528
In conclusion, we have demonstrated the power of multivariate models to discover genetic 529 associations of metabolites that share a biosynthetic pathway. By simultaneously accounting for 530 variation in all ten fatty acids, we were able to detect SNPs that were otherwise not detectable in 531 our population. The improved sensitivity of multivariate GWAS may be particularly advantageous 532 for polyploid species like oat, where the effect of a single locus may be buffered by the activity of 533 its homeologs (Santantonio et al. 2019 ). On the other hand, the poorly characterized structural 534 variation within oat haplotypes in combination with long-range LD currently presents a significant 535 with distinct y-axes. The color of the box denotes the number of double bonds in the corresponding 573 FAME. B. Overlaid histograms of unsaturated, saturated, and total FAME BLUPs derived from 574 the independent FAME measurements. C. The cumulative contribution of each FAME to total 575 concentration plotted on a log-transformed scale. 576 577 combined univariate analyses of ten individual and total FAME untransformed BLUPs 595 (Univariate), combined univariate analyses of ten principal components (PCs) of the ten FAME 596 BLUP data matrix, and multi-GWAS of the ten FAME quantile-transformed BLUPs 597 separated by a colon (for example, palmitic acid is denoted by 16:0). We detected two isomers of 18:1, 18:1(9) and another isomer, 18:1*, with unknown double-bond position (likely 18:1(11)). The 18:1(9) isomer was more abundant. Fatty acids up to 18 carbons in length are synthesized by a fatty acid synthase (FAS) complex. The nascent acyl chain is attached to acyl carrier protein (ACP) subunit of FAS and grows by two carbons per cycle through the action of distinct ketoacyl-ACP synthase (KAS) subunits of this complex (KASI and KASII are shown). Elongation is terminated either by a thioesterase that releases the fatty acid from ACP, or a double bond is introduced by an acyl-ACP desaturase (AAD) that typically acts with specificity for the ∆9 position and preference for C18 substrate. Thus, the initial fatty acid produced by FAS results from competition between one or more thioesterase and AAD isoforms. Subsequent elongation to ≥ 20C is catalyzed by the fatty acid elongase complex, in which the ketoacyl-CoA synthase (KCS) subunit determines chain length. Further desaturation is catalyzed by additional fatty acid desaturases (FAD2 and FAD3). A. Box plots of the ten FAME best-linear unbiased predictor (BLUP) distributions measured in an oat diversity panel (n = 492). Compounds are divided into three groups based on mean concentration, each plotted with distinct y-axes. The color of the box denotes the number of double bonds in the corresponding FAME. B. Overlaid histograms of unsaturated, saturated, and total FAME BLUPs derived from the independent FAME measurements. C. The cumulative contribution of each FAME to total concentration plotted on a log-transformed scale. Figure 1 for abbreviations) . In both A and B, an edge was drawn between compounds if the pairwise r or pr value was significant given a threshold of α = 0.05, after applying a Bonferroni correction for multiple-testing. Edge width is proportional to the magnitude of the correlation, and edge color indicates a positive or negative correlation. Node size corresponds to the mean concentration (mg g -1 ), with compounds grouped into three categories: less than 1, 10, and 25 mg g -1 . Node color differentiates saturated from unsaturated FAMEs. . Dotted lines denote the three significance thresholds considered, with a Bonferroni-corrected threshold of 5% in red, and 5 and 10% false-discovery rate (FDR) thresholds in light and dark gray, respectively. Markers with a p-value passing the Bonferroni threshold are shown in red. B. A quantile-quantile plot of the multi-GWAS p-values. C. Venn diagram comparing significantly associated SNPs (at a 10% FDR) from combined univariate analyses of ten individual and total FAME untransformed BLUPs (Univariate), combined univariate analyses of ten principal components (PCs) of the ten FAME BLUP data matrix, and multi-GWAS of the ten FAME quantile-transformed BLUPs (Multivariate). 
